We developed and validated a heart failure (HF) risk score combining daily measurements of multiple device-derived parameters.
Background
Heart failure (HF) causes a significant economic burden, morbidity, and mortality. 1 The primary cause of HF hospitalization (HFH) is volume overload which is treated using diuretic therapy. 1 Further, ACE-inhibitors and b-blockers are known to reduce mortality in HF patients. 1 Implantable medical devices, such as pacemakers, implantable cardioverter defibrillator (ICD), and cardiac resynchronization therapy defibrillator (CRT-D), can provide daily measurements of several 'diagnostic' parameters for possible evaluation of the HF status in patients. Earlier studies have shown that implantable device-measured 'diagnostics' such as intra-thoracic impedance (IMP), 2 atrial fibrillation (AF) burden and rate control information, 3 and night heart rate, heart rate variability, and patient activity 4 can identify when patients are risk
for HF events and could potentially be used unilaterally or in a combined fashion for informed patient management. 5 In the past decade multiple studies have reported combining implantable device diagnostics to identify patients at risk of HF events and death. 4 -7 The objective of this study was to develop and validate a single-HF risk score derived by combining information from multiple device diagnostic parameters in a Bayesian Belief Network (BBN) framework to improve the ability to identify when patients are at risk for HFH. Multiple physiological processes interact in a complex manner during HF with a high degree of uncertainty in the severity of the manifestation of the disease that may or may not require hospitalization. The BBN approach 8, 9 allows for uncertain reasoning to estimate the probability of an HFH under a set of given diagnostic evidence. The BBN framework has been applied to other bio-medical applications. 10 
Methods

Data set and event definitions
The development set included data available from the OFISSER 11 (n ¼ 269), Italian ClinicalService Project 12 (n ¼ 174), and CONNECT 13 (n ¼ 478) studies. The validation set included data available from the PARTNERS-HF 5 (n ¼ 650), FAST 14 (n ¼ 134), PRECEDE-HF (n ¼ 52), and SENSE-HF 15 (n ¼ 474) studies. Patient data were included in the data analysis cohorts if the patient had .90 days of device diagnostic data that includes intra-thoracic impedance monitoring. Details for each study and additional data inclusion criteria for this analysis are detailed in the Appendix. The studies were divided into development and validation data sets based on the chronological order in which data from the studies were made accessible for this investigation. The method for computing diagnostic information is the same in all the devices included for the data analysis. HFHs were used as the endpoint in the data analysis. Each cardiovascular hospitalization was carefully adjudicated for signs and symptoms of HF which included the administration of i.v. or oral diuretic during the hospitalization. Since a dynamic risk score for HFH was the focus of this study, death was not used as an endpoint in the data analysis.
Diagnostic parameters
Implanted medical devices monitor several clinical diagnostic parameters that may include IMP, AF burden, ventricular rate during Figure 1 The schematic for computation of the combined risk score using the different HF-related diagnostic variables in the Medtronic CRT-D system.
Development and validation of an integrated diagnostic algorithm atrial fibrillation (VRAF), ventricular tachycardia (VT) episodes, patient activity (ACT), day and night heart rate (NHR), and heart rate variability (HRV) (Figure 1 ). These parameters are monitored continuously and the device stores sample data points for each parameter daily. IMP is a surrogate measure for blood volume or pulmonary capillary wedge pressure, with an increase in fluid volume leading to a reduction in IMP 2 . HRV is the standard deviation of 5 min median of atrial intervals during a 24 h period, with reducing HRV implying increases in sympathetic tone. NHR is the average heart rate between midnight and 4 am and is a measure for resting heart rate. ACT is the number of minutes in a 24 h period the patient is active and is a surrogate of functional capacity. AF burden is measured as total duration of fast atrial rate during a 24 h period, with atrio-ventricular conduction ratio ≥2:1. VRAF is the average ventricular rate during AF over a 24 h period. The device also records the % of CRT pacing delivered in a day, number of VT episodes and whether the patient received a defibrillation shock.
Combined diagnostics
Features were extracted from the diagnostics parameters to ascertain an evidence level for each diagnostic parameter on a daily basis (Appendix). A higher value of OptiVol fluid index implied a higher level of evidence for HF. Low or decreasing trend in ACT or HRV and high or increasing trend in NHR were considered as evidence for HF. If any two of the five arrhythmia/therapy related criteria were met it identified a higher evidence level for worsening HF. Absolute measurement thresholds used for the different diagnostic parameters were determined in earlier studies. 3 -5 The thresholds for the trend indexes which look for sustained increases or decreases in the measurements of NHR, ACT, and HRV were determined in the development set data. A BBN framework 8, 9 was used to combine the evidence from each diagnostic parameter ( Figure 1) . On any day a certain set of diagnostic criteria is met which is categorized to different evidence levels as shown in Appendix. The evidence level for each diagnostic parameter is then used to generate the HF risk score for the day using a lookup table defined by the BBN model using data from the development set.
Statistical analysis
Monthly evaluations were simulated every 30 days, similar to the evaluation used in the PARTNERS-HF 5 study, beginning on the 60th day from start of available diagnostic data. Each monthly evaluation included: (i) a retrospective look at maximum value of the diagnostic risk score in the last 30 days to ascertain the patient status into the diagnostic evaluation groups, and (ii) a prospective assessment for the first HFH in the next 30 days. A monthly evaluation was included only if there was .30 days of device data and clinical follow-up following the diagnostic evaluation, thus excluding deaths from the analysis. The risk score was categorized into three diagnostic evaluation groups: high, medium, and low. The first natural break after the top 10% of the risk score in the development set was chosen as the threshold for the high group. The rest of the risk scores were divided into two similar sized groups at a natural breakpoint with the HFH event rate ,0.5% in the low group in the development set. The high and medium monthly diagnostic evaluation groups were compared with the low group for time to first HFH in the next 30 days using the Anderson -Gill model, an extension of the Cox proportional hazards model that accounts for multiple evaluations in patients. The model was adjusted for baseline variables (age, gender, NYHA, history of coronary artery disease, MI, AF, diabetes, and hypertension) and baseline medications (ACE-I/ARB, diuretics, b-blockers, and anti-arrhythmic drugs) in the validation data set. A sensitivity and specificity analysis was performed for the combined diagnostic score using the same monthly evaluation scheme. Sensitivity (and specificity) is defined as the number of evaluations with score ≥ (or ,) threshold and HFH (or no HFH) event in next 30 days divided by the total number of evaluations with HFH (without HFH) in next 30 days. The sensitivity and specificity computations are adjusted for multiple evaluations in patients using generalized estimating equation (GEE) with an exchangeable correlation structure. All statistical analyses were performed using SAS version 9.2 (SAS Institute, Inc., Cary, NC, USA).
Results
The development data set consisted of 921 patients with an average follow-up duration of 10.6 + 5.8 months with 28 deaths and 68 patients (7.4%) with HFHs at a rate of 0.14 per patient year. A total of 9790 patient-months of data was analysed of which there were 91 months with HFHs providing an event rate of 0. an average follow-up duration of 8.1 + 5.0 months with 33 deaths and 110 patients (8.4%) with HFHs at a rate of 0.22 per patient year. A total of 10 655 patient-months of data was analysed of which there were 163 months with HFHs providing an event rate of 1.5%. The baseline characteristics of the patients in the study are shown in Table 1 .
The event rates, expressed as a percentage of monthly evaluations that were followed by an HFH in the next 30 days, for the low, medium, and high evaluation groups in the development and the validation data sets are presented in Table 2 . The hazard ratios for the comparison of the event rates in the medium and high groups with respect to the low group are also shown in Table 2 . Figure 2 shows the Kaplan -Meier plot for time to first HFH in the 30 days following monthly diagnostic evaluation in the validation data set. In the validation data set, a total of 163 monthly evaluations (1.5%) were followed by an HFH in the next 30 days. Of the 1100 monthly evaluations when the risk score was in the high group, 75 (6.8%) were followed by an HFH in the next 30 days. The risk score was in the 'high' group in at least one monthly evaluation in 446 patients (34%). Monthly diagnostic evaluations with a risk score in the 'high' group were 10 times (HR: 10.0; 95% CI: 6.4 -15. ... ..... ..... .... ..... ..... ..... ..... ..... ..... ..... .... ..... ..... ..... ..... ..... ..... ..... .... ..... ..... ..... ..... ..... ..... ..... .... ..... ..... ..... ..... ..... ..... . .... . Development and validation of an integrated diagnostic algorithm Figure 3 shows the event rates for individual diagnostic evidence levels described in Appendix and the combined risk score for the validation set. While each of the diagnostic element has the capability of stratifying patients at risk for HFHs, the combined risk score improves the ability to identify when patients are at a higher than normal risk and when patients are at lower than normal risk for HFHs. (B) The distribution of number of diagnostic parameter that were triggered, based on evidence level criteria in (A), when the risk score was in the 'low', 'medium', and 'high' groups in the validation data set.
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The number of times each of the individual diagnostic criteria was triggered as per cent of monthly evaluations with a risk score in the different risk score groups in the validation set is shown in Figure 4A . Each diagnostic parameter exceeded threshold significant proportion of times when the risk score is in the 'high' group with reduced patient activity (evidence level 2 in Appendix) and high OptiVol Fluid Index (evidence level 3 and 4 in Appendix) exceeding threshold most often. Figure 4B shows the number of diagnostic parameter that were triggered at the same time when the risk score was in the 'low', 'medium', and 'high' groups in the validation data set. The evidence level criteria for the trigger of the diagnostic parameters for Figure 4B were same as that used in Figure 4A . When the risk score was in the 'low' group, very often none of the diagnostic parameters triggered a high-evidence level, whereas three different diagnostic parameters triggered a high-evidence level most often when the risk score was in the 'high' group.
The 25-percentile, median, and 75-percentile of the risk score distribution in the validation set were 3.8, 5.5, and 11.5%, respectively. The receiver operating characteristic (ROC) curve, plotting the GEE estimates of sensitivity and specificity, for the validation set is shown in Figure 5 . Evaluations done every 30 days in the monthly evaluation scheme contribute one data point for the sensitivity and specificity calculations. In the validation set, the threshold between the 'low' and 'medium' risk groups (score of 5%) had a sensitivity and specificity of 82.8 and 45.8%, respectively, and the threshold between the 'medium-' and 'high'-risk groups (score of 20%) had a sensitivity of 46.0%, i.e. 46% of the months with HFHs were preceded by a 'high'-risk score, and specificity of 90.2%, i.e. 10% of the months with no HFHs were also preceded by a 'high'-risk score. At an HF risk score of 10% the sensitivity and specificity was 68.7 and 71.6%, respectively.
When monthly evaluations were in 'low'-risk group, ,0.6% had HFHs in the next 30 days, i.e. a negative predictive value of 99.4% for the 'low'-risk group. A high negative predictive value suggests that monthly evaluations with 'low' risk can be used to triage for patients who are at lower than average risk for HF requiring hospitalization. A very high-risk group, i.e. a group with high positive predictive value, can be formed for risk scores .40% that occurs in 2% of all monthly evaluations with 14.2% having HFHs in next 30 days. Similarly, another very high-risk group would be evaluations with a risk score in 'high' group for .14 of 30 days, which happens in 3% of the evaluations with 11.9% having HFHs in the next 30 days. The average number of days the risk was 'high' in the 30 days prior to months with HFH was 7 + 11 days.
Discussion
The study presented the development and validation of a novel dynamic HF risk score derived from combining diagnostic parameters monitored in implantable devices. Patients who achieve a high-risk state on any day in the last 30 days are 10 times more likely to be hospitalized for HF in the next 30 days compared with patients who had a low risk on each of the last 30 days. Several HF risk scores have recently been developed and validated. 16 -19 Most of these risk scores identified a static risk at baseline or in an in-hospital setting, i.e. identify which patient is at risk for the development of HF or mortality. The dynamic HF risk score developed in this study, can identify when a high-risk patient is at higher risk of an HFH in an ambulatory setting, thus providing incremental information beyond what is provided by a static risk score. The dynamic HF risk score is time-varying and the same patient may be at high and low risk at different periods of time depending on the status of continuously monitored diagnostic parameters in the implanted device. Management based on a dynamic risk score is similar in approach to recently reported intra-cardiac pressure 20, 21 or intra-thoracic impedance measurements. 2, 11, 12, 14 The key difference is incorporation of the multiple diagnostic parameters to form a combined diagnostic with the intention of improving the overall accuracy of the diagnostic. Long-term ambulatory monitoring using implantable devices featuring remote access and wireless alerting capabilities enables the dynamic assessment of the HF status, thus providing the opportunity to optimize treatment strategies for HF in a timely fashion. Like any diagnostic (weight, temperature, ECG, etc.), diagnostic information must be coupled with appropriate clinical actions in order to improve outcomes in HF patients. 21 Whether therapeutic interventions based on the dynamic HF risk score is safe and effective in improving outcomes in HF patients need prospective evaluation. Several randomized controlled studies for management of HF patients based on diagnostic information have yielded inconsistent results. 20 -25 Each of the diagnostic parameters in implantable devices correspond to one or more of the basic HF assessment metrics such as fluid status, functional capacity, resting tachycardia, autonomic balance, arrhythmia, and non-adherence. Combining multiple parameters into a single-risk score makes it a simple to use triaging scheme indicating when a patient needs more attention in an ambulatory setting. A transition to high-risk state can proactively initiate collection of more clinical and symptomatic information over the telephone or in person to facilitate a diagnostic decision. Figure 5 Receiver operating characteristics curve plotting the sensitivity vs. specificity in a 30-day evaluation framework for the validation set.
Development and validation of an integrated diagnostic algorithm Further, having information regarding which device parameters caused transition to high-risk state may lead to more clarity on treatment options. For example, a high-risk score caused by decrease in intra-thoracic impedance as well as new onset AF with poor rate control at the same time may indicate a very specific treatment plan: acute control of the fluid status, if necessitated by additional evidence, followed by improved chronic management of heart rate, once euvolaemia is achieved, to prevent future occurrences. A clinical action may not always need a medication adjustment; it can also be counselling for non-adherence or deciding to monitor the patient more often in the clinic.
The PARTNERS-HF 5 study used a heuristic method for combining multiple diagnostic variables. The chosen diagnostic criteria were optimized for simplicity of a quick visual review of each diagnostic variable. The BBN approach also combines multiple diagnostic parameters, but it does so in a more rigorous decision-making framework that mimics clinical decision-making with elements of uncertain reasoning, causal relationships, and differential reasoning in the same framework. The BBN approach generates a single-risk score that can be used for initial triage without having to go through each diagnostic variable, thus improving the simplicity. The risk score is a continuous number allowing for the choice of flexible thresholds for obtaining optimal performance. Further, feature set definition for individual diagnostic variables can be improved without compromising the simplicity, e.g. relative change in activity, NHR, and HRV can be incorporated in addition to absolute thresholds. Finally, more diagnostic variables with orthogonal information, e.g. biomarkers, intra-cardiac pressures, can be easily added into the framework without needing data from all the variables in the same study to create a revised framework. The absolute risk of an HFH in a 30-day period following a monthly evaluation with a high-risk state was only 6.8%. Thus, a high-risk state should not be used unilaterally to make treatment decisions as it may lead to over-reaction as it happened in the DOT-HF study. 25 The absolute risk is low primarily because of the low rate of HFHs in this ambulatory monthly evaluation framework (overall event rate of 1.5%), the denominator being all monthly evaluations in all patients. When the event rate is higher, for example, in evaluating readmissions for HF, 26 the absolute risk is also higher. The absolute risk for events with milder symptoms of HF not requiring hospitalization will be higher. The HF risk score categorizes the baseline risk of 1.5% into three groups, one with a higher risk (6.8%) and one with a lower risk (0.6%), with the middle group being similar to the overall risk of 1.5%. Although the absolute risk is low, the relative risk between the high-and low-risk groups is high. Thus, the risk score can be used as a tool to triage patients who may need more attention (e.g. more frequent follow-up). Randomized control studies of intensive follow-up-based HF management have yielded varying results; 23, 24 however, a risk score-based follow-up may improve the efficiency of disease management programmes by spending more resources on patients in a high-risk state and fewer resources on patients in a low-risk state.
Limitations
The retrospective analysis was done by pooling data from multiple studies in order to increase the sample size for the development and validation sets. With the exception of the FAST study, most of the data included in the study was from within the first year of the device life, thus the results may not reflect the performance of the risk score during the later years of the device life. Serial assessment of clinical diagnostic data related to HF, such as weight, blood-pressure, and BNP, was not performed in a consistent manner in all the studies. Thus, comparison of the dynamic risk score to previously described clinical risk scores could not be performed, and the adjustment for other clinical variables in the statistical analysis was limited to baseline history collected in the studies. The incremental value of an HF risk score over clinical diagnostic measurements cannot be established in this data set. It is hypothesized that the dynamic assessment of an HF risk score provides an ambulatory triage mechanism to indicate when to gather additional clinical information to evaluate the patient status in a timely manner to improve the efficacy of disease management programmes.
Conclusions
We developed and validated a method for combining multiple device-derived diagnostic parameters into a single-dynamic HF risk score which may be evaluated in an ambulatory setting to triage patients at a higher risk for HF events in the next 30 days. Future studies are needed to prospectively evaluate whether timely clinical actions initiated by the stratification of HF patients using the HF risk score on a regular basis can reduce HFHs. *Trend index is computed as a running cumulative sum of the difference between short-and long-term averages over a 14-day period. Trend Index is compared with thresholds which are related to the value of the long-term average.
